This study proposes a surrogate-based optimization framework (SBO) to help analyze the tradeoff between flood damages and investment while considering uncertainty originating from surrogates. The surrogate models were constructed based on the relationship between drainage specifications and simulated flood information and used to replace the numerical model in optimization, thereby reducing the computational burden. The bootstrapping approach was employed to quantify the uncertainty originating from surrogate models, which were incorporated into the NSGA-II optimization algorithm to seek the interval of optimal solutions. Through a case study, the results showed that the uncertainties caused by surrogate models have a significant influence on the reliability of the optimal solutions, but require lower computational efforts. Moreover, the local design conditions (i.e., various designed rainfalls) had an impact on the design and performance of the detention tanks. The proposed framework will facilitate cost-effective planning of flood mitigation systems with an awareness of associated uncertainty in order to resolve tradeoffs, particularly for large-scale problems.
Introduction
Due to the rainfall extremes induced by global warming, in conjunction with rapid urbanization, an increasing number of urban flooding disasters have been observed in recent years, along with serious social problems (e.g., economic loss, destruction of public facilities, and human casualties) (Hammond et al. 2013) . A variety of measures have been adopted to improve the risk mitigation capability of flood management, such as the implementation of best management practice (BMP) facilities, practicing low-impact development (LID), and building adequate storage facilities (e.g., detention tanks) (Khatavkar and Mays 2017; El-Shafie et al. 2014; Lee et al. 2012; Limbrunner et al. 2013; Liu et al. 2016) . Therefore, the optimal design of urban drainage systems is crucial for resolving tradeoffs between expected flood mitigation goals, and social and economic factors.
Simulation-based optimization has been widely adopted for the design or layout of drainage networks (Loáiciga et al. 2015; Oxley and Mays 2014) . Hydrological simulation models such as the Hydrologic-Hydraulic Semi-Distributed Model (Cimorelli et al. 2016 ), stormwater management model (Yu et al. 2017) , and MIKE 11 Salehi Neyshabouri 2012, 2015) , coupled with optimization models, have been used for describing the relationship between flood mitigation measures and flood behavior. The major drawback of the simulation-optimization approach is the enormous computational burden associated with repeatedly running the numerical models coupled with the optimization models, which limits the applicability of this method to large-scale problems, particularly when two dimensional (2D) flood models are employed. One possible solution is to employ fast-running surrogate models like artificial neural networks (ANNs), moving least squares, and support vector machines in order to replace and emulate the numerical model and then link them into the optimization algorithm (Jones et al. 1998; Razavi et al. 2012; Tsoukalas et al. 2015a , b, Reichstein et al. 2019 . In comparison with hydrological models, these surrogate models are easy to develop, and approximate input-output relations more efficiently (Yu et al. 2014 (Yu et al. , 2015 . Consequently, the computational burden would be largely reduced by repeatedly running the surrogate models coupled with the optimization models. Yazdi and Salehi Neyshabouri (2014) employed an adaptive neural networks model as a surrogate for addressing the challenge of a high-dimensional optimization problem in dam design. In the field of drainage system design, Lu et al. (2019) used polynomial regression models as surrogate models for rainwater storage pond design. However, few previous studies have adopted surrogate models as a replacement for the two-dimensional (2D) coupled flood model in multi-objective optimization for drainage infrastructure design.
Most of these surrogate modeling approaches are typically assumed to be deterministic, and their associated parameters are imperfectly known. However, it is noted that even the most popularly used ANN surrogate development is naturally stochastic, no identical results can be reproduced for different occasions (Kasiviswanathan et al. 2013 ). Invariably, this will result in bias and affect the effectiveness of the obtained solutions. However, the uncertainty originating from the surrogate model in replacement of numerical models is seldom discussed (Kingston et al. 2005; Han et al. 2007 ). To avoid this limitation, the present study uses an ensemble of surrogate models coupled with optimization models to capture and quantify the propagated uncertainty from the inherent surrogate model uncertainties into the flood mitigation system design.
This study proposes a surrogate-based optimization framework for urban drainage design while considering the uncertainty associated with the surrogates. The framework consists of a 2D flood model simulation, ensemble-based surrogate model construction, uncertainty analysis, and an optimization model into a generic framework. The purpose is to identify the optimal design for a set of detention tanks, where surrogate models are utilized to reduce computational time. Furthermore, this study investigates the relative contribution of the surrogate model uncertainty to the reliability of optimal solutions under different rainfall scenarios (10-year, 50year, and 100-year rainfall events), and compares the optimal solutions obtained using the SBO framework with the solution obtained using only one single-surrogate model in the coupled optimization model (SSO). A small urban catchment is used as a case study to demonstrate the proposed framework.
Methodology

SBO Framework
The SBO framework consisted of two components. The first component was to build ensembles of the surrogate models to simulate flood information, which were coupled with the optimization model. The second component was the formulation of the optimization model for urban drainage design in order to seek cost-effective solutions. The optimization model was executed iteratively, where each surrogate model was called to yield optimal solutions addressing the uncertainty originating from the surrogates. Figure 1 illustrates the workflow of the proposed framework. Firstly, scenarios with detention tanks of different sizes in the designed variable space were generated by Latin hypercube sampling (LHS, McKay et al. 1979) as inputs {Xin}. Once the input patterns are generated, the corresponding flooding depth and peak flow were computed as output {X out } using MIKE FLOOD, which is a 2D dynamic model that couples MIKE URBAN with MIKE 21 (DHI 2014a; b; c) flood models to simulate runoff in the drainage networks and track the overflow processes. ANN was then used to establish the relationship between {Xin} and {X out }. The model structure was determined by trial-and-error. A single hidden layer was considered in the study and the number of hidden neurons was found to be nine. The same initial weights and biases were used to train all ANNs. Thirdly, the bootstrapping technique adopting the ensemble-based conception was applied to construct the ensemble of surrogate models (Efron 1979) . Fourthly, a non-dominated sorting genetic algorithm (NSGA-II) (Deb et al. 2002 ) was used to develop Pareto optimal solutions. NSGA-II was used to randomly generate detention tank sizes as decision variables, which were independently modeled by all the surrogate models in the ensemble. The process was repeated for several generations until the termination criteria were satisfied. Consequently, the uncertainty of Pareto solutions originating from surrogate models could be quantified and analyzed.
Ensemble-Based ANNs and Uncertainty Analysis
An ANN ensemble is the combination of a set of ANNs that contributes to recognizing and evaluating the uncertainty of ANN predictions. The bootstrapping method is essential for the use of the ANN ensemble, as it generates different realizations of the dataset by randomly resampling data from the original training set; subsequently, each realization of the dataset is employed to individually train the ANNs. In this way, an ensemble of competing ANN models can be identified, which are distinctly different in terms of their model parameters and predictive abilities (Srivastav et al. 2007; Sreekanth and Datta 2011) . Hence, using the ensemble-based model can lead to a comprehensive, unbiased, and realistic quantification of model uncertainty (Parasuraman and Elshorbagy 2008) . In order to account for such uncertainty, 100 models were used in the ensemble, which was sufficient for characterizing the uncertainty (further details can be found in the Supplementary Materials). The available samples were split into training, calibrating, and testing groups. The training dataset was used to train the model to update the network weights and biases; the calibrating dataset was used to stop the training to avoid over-fitting when there was no obvious improvement in the model performance (i.e., RMSE<0.1); the testing date was used to test the predicted values from the calibrating group in the validation process.
Optimization Model Formulation
The multi-objective optimization model was formulated to seek a cost-effective design (in regard to detention tank size) of drainage networks while satisfying flood mitigation goals (i.e., minimizing the surcharge volume). Thus, the two objective functions were (1) to minimize the total cost of detention tank construction; and (2) to maximize the reduction of flood damages. The optimization model can be expressed as follows: Fig. 1 Workflow of the proposed SBO framework for determining the optimal design of flood mitigation measures and uncertainty analysis
subject to
where s i and h i are the vectors of the decision variables that are the area and depth of tank i, respectively. f 1 is the total cost covering the construction and management of detention tanks; a and b are constants related to the economic conditions of the local city; c is an exponential index representing a scaling factor of the urban economy; g(s i ) is the additional cost of the tank construction during the early stage (Li et al. 2015) ; and N is the number of detention tanks under consideration. The objective f 2 is flood damage reductions represented by the ratio of summing maximum water depth at the j th location before and after the implementation of the detention tanks, i.e., depth o j and depth r j , respectively, while m is the total number of considered locations. Depth r j is calculated from the rth surrogate model at the jth location. Constraints (3) and (4) represent the permissible depth and area of the tank i. Constraint (5) indicates that the maximum outlet discharge (V) after the construction of the detention tanks must be smaller than that without the tanks (V o ). The variables depth r j and V are obtained from the ANN models; and depth o j and V o are calculated by the calibrated MIKE FLOOD model, respectively. In the SSO scheme, we choose the surrogate model with the smallest root mean square error (RMSE) as the "best surrogate model", and the optimal size of the detention tanks was obtained by linking the best surrogate model within the optimization model. In applying the SBO framework, a set of optimal solutions were achieved by linking all of the surrogate models with the optimization model.
Case Study
Study Area
A small drainage system in a typical urban catchment in China was selected as a case study to demonstrate the proposed SBO. Figure 2 (a) shows the general map of the study site which has a catchment area of 58.68 ha. As shown in the Chinese GaoFen-2 (GF-2) image, 67% of the study area is covered by impervious surfaces, including buildings and roads. The remaining area is covered by green fields. The digital elevation map (DEM) with a resolution of 2 m was interpolated from elevation points ( Fig. 2 (b) ). The drainage system consists of 182 main drainage conduits (with diameters greater than or equal to 250 mm), which collects rainfall and routes it to the outlet (Fig. 2 (c) ). Three rainfall events (10-year, 50-year, and 100-year return periods) with 2 h durations were generated based on current local intensity-duration-frequency (IDF) curves following Chicago rainfall distribution ( Fig. 2(d) ). Figure 2 (e-g) taken from reference from (Zhang, et al. 2018) The flood duration was set to 8 h and the reporting time was set to 1 s. The maximum inundation depth under three rainfall events without detention tanks was simulated to evaluate the flood resistant capability of the original system under the three rainfall events. As shown in Figs. 2 (e, f, g), approximately 26%~38% of the area was exposed to flooding risk for more than 2 h. This was mainly because the drainage system in this area was originally designed for a 2-year return period rainfall situation. The vulnerable zones can be clearly identified and are highlighted by red boxes. Considering local planning criteria and expert judgment, it was suggested that four detention tanks (A, B, C, D) be installed in these vulnerable zones. (Fig. 2 c) .
Model Setup
Based on the LHS method, the SBO framework begins with a sampling number of 130. Then, each sample (i.e., detention tank depth and width) was used as the input for MIKE FLOOD in order to calculate the corresponding flooding depths and peak flows. The pairs of samples and the simulated water depth were then used to train the 100 ANN models in the ensemble. In this study, five ensembles (A, B, C, D, O) were developed; A, B, C and D were independently used to predict the maximum flooding depth at each location (A, B, C, D), while O was used to predict the peak flow at the outlet. The surrogate models with the best performance to predict the maximum flooding depth at each location and peak flow were selected for comparison. For solving the optimization problem, the coefficients of a and b were set as $2000 and $500 per m 3 , respectively, and e was set as 0.69, while the value of g(s i ) was set to be $5000. The maximum V was set as 100 m 3 ; the minimum and maximum area for each detention tanks were set as Smin = 100 m 2 and Smax = 500 m 2 , respectively, while the minimum and maximum depth for each detention tank were set as hmin = 10 m and hmax = 20 m, respectively. The NSGA-II parameters used a population size of 40, and the crossover mutation probability was 0.9 and 0.2, respectively. The number of generations was set to 40 in order to obtain optimal solutions. The NSGA-II algorithm firstly produces the candidate solutions, which are then checked by the constraints to ensure that they meet the local planning criteria. Subsequently, flood scenarios are calculated from the ensemble of ANN models. A penalty is added to the cost if the constraints are violated. This evolutionary search process continues until a certain convergence criterion is met (e.g., a predefined number of generations or a time limit).
Results Analysis
The overall performances of the ensembles A, B, C, D and O were evaluated by the Nash-Sutcliffe efficiency (NSE), coefficient of correlation (R 2 ), mean relative absolute error (MRAE), and RMSE over the tested datasets. The metrics of the indices are presented in Table 1 (a). Overall, all surrogate models under the three rainfall scenarios were verified as having the convincing predictive ability and were further used within the optimization framework. Specifically, under the 10-year rainfall event, a good performance for all the ensembles during the validation was observed (Table 1(b) ). It was noted that ensemble B had better performance in terms of NSE statistics (mean = 0.923, standard deviation = 0.033), whereas, ensemble C performs the worst, with an NSE of 0.750 and a standard deviation of 0.124. Similarly, in comparison with other ensembles, ensemble C had higher uncertainty estimates for the R 2 value. Investigating MRAE, ensemble O resulted in the highest uncertainty, whereas ensemble A outperformed the other four ensembles as it had the lowest uncertainty. The uncertainty associated with RMSE statistics was relatively low for both ensemble C and ensemble D. The results imply that the individual models show varying generalization properties during validation. It was also obvious that the variation of predictive ability in the five ensembles clearly demonstrates that the selection of a specific surrogate combination leads to reduced confidence in model output (i.e., Pareto-optimal front). Under the 50-year rainfall event, the performance of the mean ensemble slightly dropped compared to the 10-year rainfall event ensembles. Additionally, it was observed that all ensembles provided a higher range of variabilities in terms of all indices compared to that under the 10-year rainfall event. Under the 100-year rainfall event, it was clearly observed that the model generalization deteriorated when the rainfall amount increased (i.e., the mean NSE, R 2 , RMSE, and MARE for all ensembles were below 0.707, 0.754, 0.293, and 0.242, respectively); this corresponded to an increased level of uncertainty (i.e., the maximum standard NSE, R 2 , RMSE, and MARE for all ensembles reached 0.291,0.381, 0.310, and 0.307, respectively). The results revealed that although the accuracies of the ANN models were kept at a desired level, their generalization abilities varied, and the uncertainty increased as rainfall increased. This uncertainty would definitely contribute to the predictive uncertainty of the model. Figure 3 shows the results of the SSO and SBO schemes under three rainfall events, respectively. The statistical results of the optimal solution of the SBO scheme were obtained and clustered as solutions I through IX (Table 2) . It was observed that the investment cost increased with the increase in damage reduction using any of the two schemes. Under the 10-year event, the cost needed to increase from $2.02 million to $2.15 million under the SSO scheme ( Fig. 3(a) ) and from $0.2 million to $3.78 million under the SBO scheme ( Fig. 3(d) ) in order to reduce the damage from 56% to 76%. It was noted that the average investment using the SSO scheme was almost ten times greater than the SBO scheme, although similar flood mitigation was achieved (56%). However, when the damage reduction reached about 70%, the needed investment under the SBO scheme increased from $0.29 million to $3.78 million, whereas the SSO scheme required only $2.1 million. These results indicate that uncertainty in the surrogate model may result in completely different optimal designs in terms of investment in drainage expansion. Because the variability interval derived from the SBO scheme is an indication of the acceptable damage reduction level against cost due to uncertainty in the model, the SBO scheme can provide richer information about optimal solutions in comparison with the SSO scheme. Moreover, the solution determined through the SBO was considerably more cost-effective than that from the SSO when expected flood mitigation was less than 70% ($0.29 million vs $2.1 million), whereas the investment greatly increased and was comparatively more expensive when this threshold was exceeded ($3.78 million vs $2.15 million). Similar conclusions could be obtained for the 50-and 100-year rainfall events ( Fig. 3(b) , (c), (e), and (f)). As shown in Fig. 4((d) , (e), and (f) (abscissa I), the variability of damage reduction under the three rainfall events was 28.4%, 27.1%, and 26.3%, respectively, with a cost of $0.2 million. However, when the maximum cost invested was $3.78 million, $5.47 million, and $5.22 million under the 10-, 50-, and 100-year rainfall events, the variabilities of flood mitigation decreased to 5.5%, 2.2%, and 3.4%, respectively, (Fig. 3(d) , (e), and (f) (abscissa IX), suggesting that more investment decreases the uncertainty in terms of damage reduction. Results from this study indicate that the reliability of optimal solutions could be improved at the expense of increased investment. Therefore, it would be difficult to simultaneously achieve lower cost and decreased uncertainty. This finding underscores Figure 3 (a-c) taken from reference from (Zhang, et al. 2018) the need for identifying an acceptable trade-off between the investment and uncertainty when applying the SBO framework.
The SBO framework shows that under the 10-year rainfall event, installing detention tanks has the potential to reduce damages by 90% (Fig. 4) . However, the detention tanks are less effective in scenarios with heavier rainfall intensity (70% and 60% under 50 and 100-year rainfall events, respectively). This is probably due to the fact that insufficient detention tanks or limited flood mitigation measures are considered in the SBO framework. Generally, the SSO is computationally efficient with no randomness being considering in the surrogate simulation, whereas its solution is less reliable in terms of achieving the flood mitigation target. For example, for 50-year rainfall event, a flood damage reduction of 60% could be achieved with a mean cost of $0.49 million and coefficient of variation (CV) of 133% in the SBO scheme. Thus, these results suggest that the solution from the SSO scheme might not achieve a goal of flood mitigation of 60% with an investment of only $0.49 million. It was also observed that the marginal utility (i.e., the effect of flood control at the same amount of investment) of investments gradually diminished. For example, under the 10-year rainfall event, spending an additional $0.02 million (i.e., increasing the amount spent from $0.21 million to $0.23 million) decreased the damages by 50% (from 10% to 60%). Beyond the initial damage reduction of 60%, investing fifteen times as much money (from $0.23 million to $0.53 million) was able to reduce the damages by only 30% (from 60% to 90%). This result indicates that in the SBO framework, when damage reduction exceeded 60%, 50%, and 40% under the 10-, 50-, and 10-year rainfall events, respectively, increased investment did not return a proportional increase in flood mitigation. Therefore, we suggest setting a suitable damage reduction threshold in order to achieve cost-effectiveness in practical applications.
Notably, under the SBO scheme, the variability in the depth (i.e., 14%-30%, 16%-33%, and 14%-35% for the 10-, 50-, and 100-year rainfall events, respectively) was much smaller than that of the area of the designed tanks (i.e., 50%-80%, 52%-84%, 58%-90% for each aforementioned rainfall event, respectively). This indicates that the uncertainties originating from surrogate models have a greater impact on the designed detention tank area than on the depth (Fig. 5) . The sensitivity of constructing detention tanks in regard to the depth or area could be analyzed to prioritize the construction efforts for a better flood control effect. For example, to control and mitigate flooding risks when considering uncertainties, it is more effective to expand the area of the tanks to achieve optimal solutions. It is also noted that the uncertainty (both in terms of the depth and area of tanks) associated with surrogates slightly increases with increment in the designed rainfall. The results confirm that the larger uncertainty associated with ensemble prediction leads to a higher uncertainty associated with optimal solutions under the 50-and 100-year rainfall events. In summary, the uncertainty originating from surrogate models will have the potential influence the optimal design for detention tanks to different extents. Thus, a comprehensive consideration of uncertainty analysis is essential for drainage design.
Discussion
The proposed SBO framework is novel in the following ways: i) Computational efficiency. In comparison with the SSO scheme, in which the physical model is executed repeatedly in optimization of model solving, the SBO scheme is computationally efficient, as its primary time-consuming part is the running of samples to build up the surrogate models whereas it needs almost negligible time to run the optimization model; the time required for the latter is approximately 80%-90% less that required to run the samples for the former type of models (Table S1 ). In particular, the SBO scheme saves a great deal of computational effort in applications where 2D physical models are typically applied. This means that the optimization model is practically feasible for application in the design of drainage systems over large areas with complex terrain. ii) Reliability. The reliability of the SBO scheme can be evidenced as the surrogate models are verified (Table 1) for carrying on the optimization framework. Uncertainty issues, originating from surrogates, and their impact on optimized results were also investigated. iii) Generic applicability. In general, the proposed SBO framework can be tailored to a larger catchment with complex urban functions by customizing the numerical flood models and optimization model formulation in order to reflect the considered flood management practices (i.e., green roofs, rain gardens, soak ways, vegetative filter strips), rainfall scenarios, social-ecological contexts, local design criteria, engineering factors, cost, and others. iv) Integrated framework. SBO framework has the advantage of considering uncertainty from surrogate models for the design of urban drainage systems under various simulated rainfall scenarios. By constructing intervals of optimal solutions, the SBO framework is able to help generate richer information in regard to system reliability. This helps decision-makers to adopt the optimal drainage design solution with an awareness of system risk in regard to complexities.
Additionally, there are some concerns with regard to the application of the proposed SBO framework. Firstly, due to the limited data, the effectiveness and validity of the SBO framework using more dataset have not been sufficiently demonstrated in this study. However, we believe that the reliability of applying the proposed framework could be assured as long as the numeral flood model is well-calibrated and the surrogate models are constructed with sufficient accuracy. More dataset is expected to be incorporated to demonstrate the validation of the SBO framework in further studies. Furthermore, the advantage of the SBO framework appears to be that it can assist in understanding the uncertainty associated with the surrogate and its superior computational efficiency. This allows the computational feasibility of applying optimization to large-scale and complex practical cases while ensuring system reliability. Secondly, the proposed SBO addresses the uncertainty originating from ANN surrogates only, and the uncertainties associated with the numerical models as well as the modeling data are not considered. Moreover, the SBO framework is deterministic and lacks sufficient capacity for addressing how the constraints could be satisfied in a probabilistic manner. Therefore, it would be advantageous for further studies to incorporate stochastic optimization in the SBO framework in order to support risk-based decision making in drainage design.
Summary and Conclusions
A holistic, comprehensive, and integrated framework of integrated hydrologic-hydraulic simulation modeling, surrogate-based simulation optimization, and heuristic algorithm for solving the detention tank design problem and uncertainty analysis was proposed. A case study was selected to demonstrate two schemes (SBO and SSO) under three rainfall scenarios and their results were subsequently compared. The results show that the surrogate models appear to have remarkable uncertainty in regard to the returned optimal solutions. Compared with the SSO scheme, the results based on the SBO scheme revealed a relatively large variability in both the mean cost and the detention tank design results. It was also indicated that the rainfall intensity and practical situations may have a significant impact on the resulting detention tank design. For example, an increase in the designed rainfall led to larger uncertainty in regard to the detention tank design. Finally, the SBO scheme is promising for tackling large-scale problems because of the computational advantages of the surrogate modeling approach, as well as the advantage of dealing with uncertainty simultaneously in order to provide richer information regarding system reliability. Therefore, engineers and policymakers will benefit from applying the proposed framework with an awareness of uncertainty for supporting best practices in optimal drainage network design and urban flood mitigation.
